Our results used an integrative proteomic approach to identify panels of CSF AD protein biomarkers with strong links to a variety of pathological mechanisms in the diseased brain.
Introduction
Cerebrospinal fluid (CSF) has become one of the most promising sources for accessible biomarkers of neurodegenerative disease. By maintaining direct contact with the brain, CSF has a unique advantage over plasma, saliva, and other fluid sources in its ability to reflect biochemical changes occurring at the core of neuropathology [1] . Alzheimer's disease (AD), the most common neurodegenerative disorder worldwide, has several well-established CSF markers with direct links to brain-based pathology. These include a) Aβ1-42, reflective of cortical amyloid plaque formation; b) Total Tau, a marker of axonal degeneration; and c) Phospho-Tau, representative of pathological tau protein hyperphosphorylation in the AD brain. Together, these "core" CSF markers have significantly advanced AD diagnostics [2, 3] . Yet, despite their diagnostic utility, these three markers reflect only a portion of the complex cellular and molecular dysfunction occurring in the AD brain. A plethora of molecular alterations have now been observed in the cortex of Alzheimer's patients, extending well beyond amyloid accumulation and tau-mediated neuronal dysfunction [4] [5] [6] . Moreover, it is increasingly clear that this complex pathophysiology has important implications for the successful monitoring and treatment of disease. Indeed, the repeated failures of amyloid-targeting therapies have demonstrated that additional pathological pathways are likely critical to the neurodegeneration that leads to clinical decline. Thus, identifying markers of these dysfunctional processes in the earliest asymptomatic stages of disease has become a priority of the AD scientific community [3, 7] .
Given this urgent need for markers that more comprehensively reflect AD neuropathology, holistic systems-based approaches have increasingly emerged to address biomarker discovery with the goal of developing marker panels that encompass wider ranges of disease physiology [4, 5] . Network-based proteomics is one such means of mapping the intricate biological systems involved in the pathogenesis of AD and other complex diseases. Our group has previously applied a systems-based proteomic approach to the AD brain and demonstrated across multiple datasets its ability to identify altered networks of protein co-expression linked to specific cell types, organelles, and biological pathways [8] [9] [10] [11] [12] [13] . In the current study, we integrated these brain-derived protein systems with analysis of the AD spinal fluid proteome to identify a group of CSF markers reflective of a broad spectrum of molecular alterations in the AD cortex. We ultimately identified and validated five panels of promising CSF targets linked to multiple dysregulated protein systems in the AD brain, including synaptic transmission, vascular biology, myelination, glial-mediated inflammation, and energy metabolism. In addition, by examining these validated targets in the spinal fluid of asymptomatic AD (AsymAD) cases, we were able to identify markers potentially capable of stratifying disease risk among individuals in the earliest stages of illness. Overall, these results represent a critical step toward the translation of systems-based proteomics into accessible biomarker panels that could meaningfully enhance the prognostic and therapeutic management of Alzheimer's patients.
Results

CSF Proteome Reveals Markers Significantly Altered in AD
The main objective of this study was to use an unbiased integrative proteomic approach to identify novel AD fluid biomarkers reflective of the complex systems-based pathology of diseased brain tissue. To achieve this goal, we analyzed a total of four proteomic datasets, including two derived from brain tissue (Brain1 and Brain2) and two from spinal fluid (CSF1 and CSF2). All four cohorts comprised AD dementia samples. Yet, CSF2 and Brain2 were distinguished by their additional inclusion of asymptomatic AD (AsymAD) cases and ultimately allowed us to assess the relevance of our results in this presymptomatic population. Figure 1 provides an overview of our analytical approach, which comprised a) an initial discovery-driven integrative analysis of brain and spinal fluid proteomes to identify CSF targets of interest in AD dementia (AD) ( Figure 1A) followed by b) independent validation of these markers in the spinal fluid of both AsymAD and AD subjects ( Figure 1B) . As shown, the integrative portion began with a differential expression analysis of the CSF1 proteome. This proteome was derived from 40 samples comprised of cognitively normal (n=20) and AD (n=20) cases. The clinical diagnoses of AD were supported by cognitive impairment (avg MoCA=13.8), as well as low Aβ1-42 and elevated Total Tau and Phospho-Tau ELISA levels in the CSF ( Table 1 ). The cognitively unimpaired control cases (avg MoCA=26.7) were selected for normal levels of amyloid and tau in the CSF to verify the absence of preclinical disease pathology.
Human spinal fluid is characterized by a dynamic range of protein abundance, in which albumin and other exceedingly high-abundant proteins can prevent the detection of proteins of interest [14] . Thus, to increase the depth of protein discovery, we applied a protocol to each sample designed to deplete fourteen highly abundant spinal fluid proteins, including albumin [14] . Following this depletion, each sample was individually analyzed using quantitative liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS). In total, 39,805 peptides mapping to 3,691 protein groups were identified across the 40 samples. Quantification of proteins was performed via multiplex tandem mass tag (TMT) labeling [9, 15, 16] . To account for missing data, only those proteins quantified in at least 50% of samples were included in subsequent analyses, resulting in the final quantification of 2,875 protein groups. Due to notable differences in total protein abundance levels, one control sample was determined to be an outlier using statistical methods previously described [10, 17] and was not included in subsequent analyses. As part of our analytic pipeline, the abundance values of the remaining 39 samples were adjusted for age, sex, and batch covariance.
Differential expression was then assessed using a statistical t-test analysis, which identified those proteins with significantly altered abundance levels (p<0.05) between the control and AD cases ( Table S1 ). As demonstrated in the volcano plot of Figure 2A , there were a total of 225 proteins with significantly decreased abundance in AD and 303 proteins with significantly increased AD levels. These differentially expressed proteins included several previously identified CSF AD markers, such as microtubule-associated protein tau (MAPT, p=3.52E-08), neurofilament light (NEFL, p=6.56E-03), growth associated protein 43 (GAP43, p=1.46E-05), fatty acid binding protein 3 (FABP3, p=2.00E-05), chitinase 3 like 1 (CHI3L1, p=4.44E-06), neurogranin (NRGN, p=3.43E-04), and VGF nerve growth factor (VGF, p=4.83E-03) [2, [18] [19] [20] [21] [22] [23] ]. Yet, we also identified strongly altered novel targets, such as GDP dissociation inhibitor 1 (GDI1, p=1.54E-10) and SPARC related modular calcium binding 1 (SMOC1, p=6.93E-09). Gene ontology (GO) analysis of the 225 significantly decreased proteins revealed strong biological and functional links to various humoral processes, such as steroid metabolism, blood coagulation, and hormone activity ( Figure 2B, Table S2 ). Conversely, the GO terms most highly correlated to the 303 increased proteins indicated strong associations to cell structure and energy metabolism. As expected, MAPT was among the most significantly increased AD proteins and its proteomic levels correlated strongly to independently measured ELISA tau levels (r=0.65, p=7.5E-06, Figure 2C ). Isoformspecific peptides mapping to the C-terminus of Aβ1-40 and Aβ1-42 do not ionize efficiently following tryptic digestion of amyloid precursor protein (APP) [24, 25] . Therefore, the APP peptides we identified were not used to correlate ELISA Aβ1-42 levels.
To further analyze differential expression across individual cases, we performed a supervised cluster analysis across the 39 CSF samples using the most significantly altered CSF1 proteins (p<0.0001, False Discovery Rate (FDR) p<0.01, Table S1 ). As shown in Figure 2D , these 65 highly significant proteins were able to correctly cluster cases by disease status except for only one AD case with a control-like marker profile. Of the 65 proteins included in this analysis, 63 were up-regulated in disease. Only the expression of immune-related proteins CD74 and ISLR were consistently down-regulated among AD cases. Overall, the differential expression analyses of the CSF1 proteome not only highlighted hundreds of potential AD fluid markers, but also indicated the most significant proteins among these targets may prove useful for disease classification.
Systems-Based Analysis of the Brain Proteome Reveals Modules Linked to AD Neuropathology
As outlined in Figure 1 , we then proceeded with a network-based analysis of the AD dementia brain proteome (Brain1) using an algorithm called weighted protein co-expression network analysis (WPCNA). WPCNA delineates biologically meaningful modules of proteins based on co-expression patterns in large-scale proteomic datasets [10, 17, [26] [27] [28] [29] [30] . We have previously applied WPCNA to multiple proteomes of the AD brain and have successfully linked co-expressed protein modules to clinical and pathological phenotypes of disease [8] [9] [10] [11] [12] . In the current study, we again applied WPCNA to brain tissue with the goal of identifying co-expression modules that associate with not only AD phenotypes, but also differentially expressed CSF markers. The dorsolateral prefrontal cortex (DLPFC) samples used in this analysis were derived from the Emory Goizueta Alzheimer's Disease Research Center (ADRC) brain bank and comprised 1) healthy control (n=10), 2) AD dementia (n=10), and 3) other/mixed neurodegeneration (n=20) cases. The cases in this third cohort included subjects with Parkinson's disease (PD) (n=10) and those with mixed AD/PD pathology (n=10). The demographics, methods, and basic quantitative details of this brain proteome have been previously described [16] . Overall, the average age and sex of its control and AD cases were well-matched to those of the CSF1 cohort ( Table 1) . Like the CSF1 cases, the 40 brain tissues of the Brain1 cohort, as well as the 27 tissues of the Brain2 cohort, were analyzed using multiplex TMT-based quantification. Collectively, both brain datasets yielded 227,121 unique peptides mapping to 12,943 protein groups across the 67 samples [16] . In our analysis of the Brain1 samples, only those proteins quantified in at least 50% of cases were included in subsequent investigations, resulting in the quantification of 8,817 protein groups across the 40 cases. The abundance levels were then adjusted for the influences of age, sex, and post-mortem interval (PMI).
Prior to systems-level analysis, we first examined the differential expression of our Brain1 proteome by performing a supervised cluster analysis across the 40 samples. Clustering was based on the expression levels of the 165 most significantly altered proteins (p value<0.0001) across two Tukey post-ANOVA pairwise comparisons (AD-CT, AD-PD) (Figure S1A and S1B, Table S3 ). As shown, this cluster analysis was able to sharply delineate the 20 cases harboring AD pathology from the control and PD cases. These results indicated that the abundance changes of these significantly altered proteins were largely specific to the AD brain, as opposed to a non-specific result of neurodegeneration. We then applied WPCNA across the 40 tissues. This systems-level analysis identified 44 modules (M) of co-expressed proteins ranked and numbered according to size from largest (M1; n=1,821 proteins) to smallest (M44; n=34 proteins) ( Table S4 ). The algorithm then clustered these modules according to similarities in expression patterns, as represented by the dendrogram of Figure 3A . We then analyzed the association of each module to AD neuropathology (i.e. CERAD, Braak) and cell-type specific markers ( Figure 3B) . As previously described [10] , cell-type associations were determined based on the overlap of module proteins with those in cell-type specific proteomes derived from isolated neurons, endothelial, and glial cells of the mouse brain. Overall, there were 17 modules that correlated significantly to AD neuropathology (p<0.05), many of which were also strongly associated with specific cell types.
There was notably a cluster of five closely related modules (M30, M29, M18, M24, M5) with strong positive correlations to AD neuropathology. These modules were heavily enriched with microglial and/or astrocytic markers and ontologically linked to cell growth, proliferation, and immunity ( Figure 3C , Table S5 ). M8 and M22 were also positively correlated to amyloid and tau burden, enriched with microglia / astrocytes, and linked to the brain's innate immunity. M8 was highly associated with the toll-like receptor pathway, a signaling cascade that plays a critical role in the innate immune response [31] . Meanwhile, M22 was strongly linked to posttranslational modification, a critical regulatory component of innate immunity and inflammation [32] . Finally, M2 was yet another notable module with positive correlations to AD pathology. This oligodendrocyte-enriched module demonstrated ontological links to nucleoside synthesis and DNA replication, suggesting heightened cell proliferation in disease. Overall, these findings supported the increased abundance of modules enriched with glial markers that we have observed in prior AD proteomes [10] , potentially reflecting the immune-mediated glial activation widely implicated in AD pathogenesis [33] . Of note, many of these AD-associated glial modules in the current proteome showed lower expression levels in control and PD cases compared to AD, suggesting a disease-specific relationship to AD (Figure S1C) .
In contrast, there were only four modules (M1, M3, M10, M32) in our Brain1 proteome with significant negative correlations to AD pathology (p<0.05), none of which were associated with glial markers (Figure 3B ). M1 and M3 were instead enriched with neuronal markers. Yet, while M1 was highly associated with synaptic signaling, M3 was strongly linked to mitochondrial ontologies. Though not associated with neuronal markers, M32 mirrored M3 in its ontological links to cellular metabolism. In stark contrast, M10 was highly related to cell growth and the assembly of protein complexes. All four of these modules were increased in controls and PD compared to AD, conferring disease specificity to their pathological associations ( Figure S1C) . Overall, despite the variable characteristics of these four modules, these results aligned well with the decreased abundance of neuronal-linked modules we have previously observed in the AD brain [10] . Furthermore, these findings support the large body of evidence implicating synaptic dysfunction and cellular hypometabolism in AD pathogenesis [34] [35] [36] , as well as provide a global perspective on their underlying protein alterations in brain. In summary, systems-level analysis of our Brain1 proteome generated modules of protein co-expression with disease-specific alterations in AD consistent with many of our prior findings.
Analysis of the Asymptomatic AD Brain Proteome Reveals Presymptomatic Network Changes
Alzheimer's disease is characterized by an early, asymptomatic phase (AsymAD) in which individuals exhibit amyloid accumulation in the absence of clinical cognitive decline [37] [38] [39] [40] [41] [42] . This preclinical stage represents a critical window for early detection and intervention. Since we aimed to identify biomarkers relevant to this key stage of disease, we examined whether the modules we derived from our Brain1 proteome were preserved in AsymAD brains. We performed this analysis in 27 DLPFC tissues comprising control (n=10), AsymAD (n=8), and AD (n=9) cases. The control and AD samples were among those included in the analysis of the Brain1 proteome ( Table 1) , while the AsymAD cases were unique to only the Brain2 cohort. These AsymAD cases, also derived from the Goizueta ADRC brain bank, featured abnormally high amyloid levels (avg CERAD = 2.8) despite normal cognition proximate to death ( Table 1) . The Brain2 tissues were analyzed by TMT-MS in a similar manner to the Brain1 cases. However, MS2-based reporter ion quantitation was performed instead of the MS3 quantitation used to analyze the Brain1 proteome. This allowed us to generate deeper coverage in our Brain2 proteome (~164,000 peptides) compared to the Brain1 dataset (~95,000 peptides).
Like the analysis of the Brain1 tissues, only those proteins quantified in at least 50% of samples were included in subsequent investigations, resulting in the quantification of 11,244 protein groups. This dataset comprised nearly all the proteins detected in our Brain1 analysis ( Figure S2A ). Of these, 450 proteins demonstrated significantly altered AD abundance levels (p(CT-AD)<0.05) in both datasets (Table S6 ). These 450 markers were highly consistent in their direction of change between proteomes (r=0.94; p<1.0E-200) (Figure S2B) . Among increased proteins, those featuring the most concordant changes between datasets were largely members of the glial-enriched M5 and M18 modules of the Brain1 proteome (MDK, COL25A1, MAPT, NTN1, SMOC1, GFAP). Among the decreased proteins, those with the most concordant changes seemed to almost exclusively represent the synapse-associated M1 module (NPTX2, VGF, RPH3A). Module preservation analysis ( Figure S2C ) demonstrated that approximately 80% of protein modules (36/44) in the Brain1 proteome were significantly conserved (p<0.05) in the Brain2 dataset, consistent with our previous proteomic network studies [10, 11] . Fourteen of these modules were highly preserved (p<0.01) between the two proteomes. The high agreement in differential expression and module composition between the Brain1 and Brain2 proteomes supported the validity of our systems-based approach. Furthermore, the module preservation indicated that the co-expression modules identified in our Brain1 analysis were largely present in AsymAD.
A more detailed analysis of differential expression in the Brain2 dataset highlighted a notable degree of presymptomatic protein alterations, including a total of 151 significantly altered proteins (p<0.05) between AsymAD and controls ( Figure S2D ). In agreement with known amyloid burden (i.e. CERAD scores), APP was significantly elevated in both the AsymAD and AD brain. Meanwhile, MAPT was significantly altered only in AD. Glial-enriched modules (M5, M18) were highly reflected among increased AsymAD proteins, while those proteins decreased in AsymAD tended to be members of the neuronal-linked M1 module. As shown, many of these presymptomatic markers demonstrated even greater changes in symptomatic disease. Among such markers was SMOC1, a glial protein linked to brain tumors and eye and limb development, but whose role in neurodegeneration remains largely undefined [43, 44] . In contrast, the synaptic protein neuropentraxin 2 (NPTX2) was significantly decreased in the AsymAD brain. NPTX2 has been previously linked to neurodegeneration and has a well-established role in mediating the excitatory synapse [45, 46] . Overall, these results indicated presymptomatic changes in not only individual markers but also entire modules of co-expressed proteins.
Integrative Analysis Identifies Panels of Brain-Linked CSF Biomarkers of AD
After separately analyzing the CSF and brain proteomes of AD dementia and ensuring the protein co-expression modules identified in the AD brains were also preserved in AsymAD, we then applied an integrative analysis to CSF1 and Brain1 to identify fluid markers linked to brain network physiology. Integral to this analysis was defining the overlap between the brain and CSF proteomes. While it is well accepted that the CSF mirrors neurochemical changes in the AD brain [1] , the precise degree of overlap between the AD brain and CSF is unclear. By comparing the number of shared gene products detected among our two proteomes, we found that nearly 70% (n=1,936) of proteins identified in the CSF1 proteome were also quantified in the brain ( Figure  4A) . The bulk of these overlapping proteins (n=1,721) were assigned to one of the 44 coexpression modules derived from the Brain1 dataset ( Figure 4B ). As expected, the six largest brain modules (M1-M6) demonstrated the greatest amount of CSF overlap. However, there were smaller brain modules (e.g. M15, M29) that achieved a surprisingly high degree of overlap, greater than brain modules twice their size. This prompted us to take a more detailed, statistically-driven approach to calculating overlap between our Brain1 and CSF1 datasets.
Using a one-tailed Fisher Exact Test (FET), we assessed the significance of protein overlap between the CSF proteome and individual brain modules. This analysis revealed a total of 14 brain modules with statistically significant overlap in the CSF1 dataset (FDR p<0.05), as well as one additional module (M18) whose extent of overlap approached significance (FDR p=0.06) ( Figure  4C ; top row). We were also interested in modules that overlapped strongly with differentially expressed CSF proteins. Therefore, we applied two additional FET analyses to determine those brain modules with meaningful overlap among 1) CSF1 proteins significantly increased in AD and 2) CSF1 proteins significantly decreased in AD (p[CT-AD] < 0.05). As shown in the middle and bottom rows of Figure 4C , these additional analyses revealed 8 of the 44 brain modules significantly overlapped with proteins increased in AD CSF (M12, M1, M2, M18, M5, M44, M33, M38), while only two modules (M6, M15) demonstrated meaningful overlap with proteins decreased in AD CSF. As expected, all 10 of these modules were among the 15 modules with the highest degree of overlap with the total CSF proteome. We therefore hypothesized that the 15 modules with high overlap in the CSF were collectively high-yield sources of brain-linked spinal fluid biomarkers of AD.
We collapsed these 15 overlapping modules of interest into five large protein panels based on their adjacent clustering in the WPCNA dendrogram and associations with cell types and gene ontologies. (Figure 4D ). The first panel comprised modules strongly enriched with neuronal markers and synapse-associated proteins (M1, M12). This synaptic panel contained a total of 94 proteins with significantly altered levels in our CSF1 proteome, making it the largest source of brain-linked CSF markers among our five panels. The second panel (M6, M15) demonstrated strong links to endothelial cell markers and vascular ontologies, such as "wound healing" (M6) and "regulation of humoral immune response" (M15). M15 was also highly associated with lipoprotein metabolism, a process intimately associated with the endothelium [47] . This vascular panel harbored 34 proteins brain-linked fluid markers. The third panel comprised modules (M2, M4) significantly linked to oligodendrocyte markers and cellular proliferation. For example, the top ontological terms for M2 included "positive regulation of DNA replication" and "purine biosynthetic process". Meanwhile, those of M4 included "glial cell differentiation" and "chromosome segregation". Defined by its strong links to proliferating oligodendrocytes, this myelination panel harbored 49 brain-linked fluid markers.
The fourth panel comprised the largest number of modules (M30, M29, M18, M24, M5), nearly all of which were significantly enriched with microglia and astrocyte markers. Like the myelination panel, this fourth panel also contained modules with strong associations to cell proliferation (M30, M29, M18). Yet, its remaining modules were highly associated with immunological terms, such as "immune effector process" (M5) and "regulation of immune response" (M24). This glial immunity panel contained 42 brain-linked fluid markers among its overlapping proteins. Finally, the last panel included 52 brain-linked markers over four modules (M44, M3, M33, M38), all of which were ontologically linked to energy storage and metabolism.
The largest of these modules (M3) was strongly associated with mitochondria and enriched with neuronal-specific markers. M38, one of the smaller module members of this metabolic panel, also demonstrated modest neuronal specificity. Overall, these five panels reflected a wide range of cell types and functions in the AD cortex and collectively harbored 271 brain-linked fluid markers of interest (Table S7) .
Synaptic, Vascular, and Metabolic Panels Demonstrate Divergent Expression Trends in the Brain and CSF
The biological themes highlighted by our five panels, from synaptic signaling to energy metabolism, have all been implicated in the pathogenesis of AD [23, 48, 49] . Accordingly, all 15 modules comprising these panels correlated to AD pathology in our Brain1 proteome ( Figure 3B) . Most notable were the highly positive pathological correlations among our glial modules and the strongly negative pathological correlations of our largest neuronal modules (M1, M3). The differential expression analysis of our Brain2 proteome ( Figure S2D ) also highlighted M5 and M18-derived glial proteins among those most increased and M1-associated synaptic proteins among those most decreased in both asymptomatic and symptomatic AD. These observations indicated that the 271 CSF markers we had identified among the five panels were indeed linked to critical disease processes in the AD cortex, including those occurring in early presymptomatic stages.
In order to better resolve the direction of change of panel proteins in the brain and spinal fluid, we plotted the following for each of the 15 overlapping modules: 1) module abundance levels in the Brain1 dataset and 2) the differential expression of module proteins in the CSF1 dataset ( Figure 5 ). Module abundance values in the brain were determined using the WPCNA eigenprotein method as previously described [10] . Volcano plots were used to depict the differential expression (CT-AD) of module proteins in the CSF. Interestingly, these plots revealed that three of the five panels demonstrated divergent expression trends in brain and spinal fluid. Both modules of the synaptic panel (M1, M12) demonstrated decreased abundance levels in the AD brain but overlapped significantly with proteins increased in AD spinal fluid ( Figure 5A) . The neuronal-associated modules comprising the metabolic panel (M3, M38) demonstrated similarly discordant brain and CSF expression patterns ( Figure 5E ). Finally, the vascular panel also displayed divergent expression trends, though its modules (M6, M15) were modestly increased in the AD brain and starkly decreased in diseased CSF ( Figure 5B ). The two remaining panels comprised large glial networks whose proteins were concordantly up-regulated in both compartments (Figure 5C and 5D) .
It is important to note that these trends were not universal for all markers within these panels. For instance, the synaptic panel included several proteins significantly decreased in the AD brain and CSF (Figure 5A ). Among these down-regulated CSF markers were NPTX2 and VGF of M1, as well as chromogranin B (CHGB) of M12. Yet, despite these few exceptions, most of our synaptic markers were elevated in AD spinal fluid. Overall, these analyses were able to distinguish statistically meaningful trends in both the brain and spinal fluid levels for each of our five panels. Remarkably, these trends highlighted complex and often divergent relationships between brain and CSF protein expression in AD.
CSF Biomarkers of Brain-Linked Panels Validate in a Replication Cohort
Our integrative proteomic analysis had identified 271 promising CSF protein markers with links to the AD brain. As a next step, we aimed to narrow this group of proteins to the most informative markers for our final target panels. An ideal AD biomarker is not only able to detect a fundamental feature of disease neuropathology, but also reliable, easy to perform, and capable of recognizing AD early in its course [50] . Indeed, the now widespread recognition that AD neurodegeneration begins years prior to the onset of cognitive symptoms and the growing push to define this disorder principally by physiological markers of neuropathology and neuronal injury has created an especially high demand for preclinical biomarkers [3, 38] . Therefore, we structured our validation analysis to identify which of the 271 targets shared these ideal characteristics. Our first strategy was to include cases at earlier stages of disease to examine the behavior of our markers before the onset of severely devastating cognitive decline. As shown in Figure 1 , the 96 cases of this CSF2 validation cohort comprised a group of individuals with AsymAD. These subjects were defined by their normal-range cognitive performance (avg MoCA=27.1, Clinical Dementia Rating (CDR)=0) in the setting of pathological levels of core AD biomarkers ( Table 1) . The symptomatic cases of the CSF2 cohort included an earlier spectrum of AD severity, ranging from mild to moderately severe cases. This yielded a notable difference between the average MoCA score of AD cases in CSF2 (20.7) and that of the advanced AD cases included in the CSF1 analysis (13.8) .
In addition to early AD biomarkers, we were also interested in protein targets that could be quantified using more efficient, high-throughput mass spectrometry methods that would be necessary in most clinical settings. Therefore, following TMT labeling, we analyzed our CSF2 samples by "single-shot" LC-MS/MS integrated with high-Field Asymmetric Waveform Ion Mobility Mass Spectrometry (FAIMS). When combined with synchronous precursor selection MS3-based quantitation (SPS-MS3), this FAIMS-based strategy is especially useful for enhancing accuracy of protein quantification in samples with high dynamic ranges of protein abundance, such as albumin-and immunoglobulin-rich spinal fluid [51] . Its ion separation step helps to limit the signal interference of albumin and other overwhelmingly abundant proteins, allowing for enhanced quantification of detected low-abundance proteins. This enabled us to circumvent the need for albumin depletion. The application of this more streamlined proteomic approach to the CSF2 cohort resulted in a dataset comprised of 6,487 peptides mapping to 1,183 protein groups across the 96 cases. As in the CSF1 analysis, only those proteins quantified in at least 50% of samples were included in subsequent analyses. This resulted in the final quantification of 792 protein groups. Nearly 95% of the proteins quantified in CSF2 were also identified in the CSF1 proteome.
Since we were specifically interested in validating the 271 markers from our integrative analysis, we examined how many of these targets were detected in the CSF2 proteome. We found that 100 of these 271 brain-linked fluid markers were detected in the CSF using both proteomic methodologies. Figure 6A demonstrates the differential expression of these 100 overlapping markers across the control and AD individuals from the CSF2 samples (Table S8 ). As illustrated, many of these targets were highly altered in the AD CSF. Those proteins most significantly increased in AD were members of the synaptic (BASP1, HPRT1, YWHAZ) and metabolic (ALDOA, PGK1, GOT1) panels. SMOC1 of the glial immunity panel was also strongly elevated, as well as SOD1 and SPP1 of the myelination panel. Meanwhile, those proteins most decreased in our CSF2 cohort comprised only members of the vascular panel (PON1, AMBP, DCN). Altogether, the 100 overlapping targets demonstrated strong correlations between the two CSF datasets in degree and direction of change in AD (r=0.5; p=2.3E-05). Indeed, we found that the majority of these 100 proteins (n=70) maintained the same directionality of change between the two proteomes. Accordingly, an analysis of marker directionality considering only these 70 proteins revealed even stronger correlations between the two datasets (r=0.8; p=4.6E-17) ( Figure   6B ). We found these significant correlations particularly notable given the differences in sample preparation, mass spectrometry approaches, and average disease severity between the two AD groups.
The 70 validated brain-linked CSF markers are highlighted in Figure 6C . As shown, all five of our brain network-based panels were represented across these 70 markers. The vascular panel contributed the most proteins (n=19) to this validated group, followed by the synaptic panel (n=14). Of these 70 proteins, we identified 29 markers with statistically significant AD abundance changes in both datasets. These strongly validated markers are bolded in Figure 6C . Among these validated targets were proteins with known connections to AD such as osteopontin (SPP1), a proinflammatory cytokine that has been linked to AD across several studies [52] [53] [54] . GAP43 of the validated synaptic panel has also been linked to neurodegeneration and its critical role in synaptic stability has been well-characterized [23, 55] . We also validated many novel markers, such as glial-associated SMOC1 and the synapse-bound BASP1, both of which have very limited prior connections to AD. Interestingly, also among our most strongly validated proteins were markers associated with other neurodegenerative diseases, such as the ALS-linked SOD1 and PDassociated PARK7. On the other hand, we had difficulty detecting filamentous proteins, such as MAPT and NEFL, using our high-throughput validation method and therefore neither of these AD-associated markers were included in our final panels. We were also unable to validate the calmodulin-binding post-synaptic protein, neurogranin (NRGN), which several studies have found elevated in the spinal fluid of AD subjects [20, 21, 36, 56] . NRGN was strongly up-regulated in our CSF1 proteome (Figure 5A ), but not detectable using the streamlined single-shot proteomics of CSF2. These results align with other inconsistencies in the biofluid detection and measurement of NRGN, possibly stemming from its fragmentation into a series of C-terminal peptides prior to its release into the CSF [56] .
While our validated protein biomarkers ultimately reflected a wide array of brain-derived protein systems, a common theme of dysregulated redox potential and energy metabolism seemed to emerge across all five marker panels. In addition to proteins involved in signal transmission (NPTX2, YWHAZ, BASP1), our validated synaptic panel also comprised several targets more classically known for roles in metabolic processes, such as the glycolytic enzyme LDHA and the purine salvaging enzyme HPRT1. This observation likely reflects the close relationship between energy production and synaptic signaling at the neuronal membrane [57, 58] . The validated proteins among our vascular and glial panels also included various markers responsive to oxidative stress.
This included SOD1, glutathione synthetase (GSS), and dimethylarginine dimethylaminohydrolase 1 (DDAH1) of the validated myelination panel, which all function to clear damaging free radicals [59] [60] [61] [62] . Likewise, the validated glial immunity panel included PARK7 or DJ-1, yet another mediator of oxidative stress in the brain [63, 64] . Finally, highly validated markers of the vascular panel included paroxonase 1 (PON1), a lipoprotein-binding enzyme responsible for reducing oxidative stress levels in the circulation [65, 66] . These results suggested a common functional thread among our most strongly validated markers despite their varied cell type and ontological associations.
The expression levels of our validated panels were calculated (z-score) across all 96 samples of the CSF2 cohort ( Figure 6C) , demonstrating AD abundance trends consistent with those observed in our initial pre-validation panels (Figure 5) . These expression levels also indicated that our validated markers demonstrated notable changes in presymptomatic disease. Accordingly, all five panels demonstrated strong correlations to the Aβ1-42 / Tau ratios of our samples, especially the metabolic panel (r=0.67; p=8.3E-14) ( Figure 6D) . As expected, the vascular panel was the only one that demonstrated negative correlations to Aβ1-42 / Tau ratio (r=0.52; p=5.6E-08). In contrast, the panel correlations to MoCA were notably weaker, though still statistically significant. Overall, these findings suggested we had validated panels that not only distinguished healthy controls from AD dementia, but also reflected physiological changes occurring in the preclinical stages of disease, prior to the onset of notable cognitive decline.
Brain-Linked CSF Biomarkers Reveal Heterogeneity Among Asymptomatic AD Cases
It is well-known that individuals with AsymAD are not a homogeneous population and that an interplay of heightened risk and resilience contributes to variability in the subsequent progression of disease [67] . While used to identify asymptomatic AD cases, the levels of core CSF biomarkers (Aβ1-42, Total Tau, and Phospho-Tau) have still not demonstrated the ability to reliably predict which individuals will progress to dementia [2, 22] . Therefore, novel biomarkers are also needed to better define and stratify this pre-symptomatic stage of disease. For these reasons, AsymAD samples (n=31) were included in our CSF2 cohort. As shown in Figure 7A , the 31 AsymAD cases of the CSF2 dataset had Aβ1-42, Total Tau, and Phospho-Tau levels that significantly differed from those of both controls and AD patients. In contrast, there was no statistical difference between the MoCA scores of control and AsymAD cases. All individuals with AsymAD also had a CDR of 0, indicating no evidence of decline in everyday cognitive or functional performance.
To determine the behavior of our validated panels in these AsymAD individuals, we applied a multidimensional scaling (MDS) analysis to all 96 of our CSF2 cases. MDS analysis allows for the visualization of similarities among cases based on certain variables in a dataset. To cluster cases, we used the abundance levels of the 29 most strongly validated markers from our five panels, i.e. those that demonstrated statistically significant AD abundance changes in both the CSF1 and CSF2 datasets (p<0.05). This MDS analysis demonstrated clear spatial clusters between control and AD cases ( Figure 7B) . However, the AsymAD cases were scattered with much more variability throughout the diagram. While certain AsymAD cases clustered unequivocally among the controls, others were situated on the nearly opposite end of the plot among the AD cases. Finally, a small group of AsymAD cases appeared to cluster near the center. In order to analyze this AsymAD heterogeneity in more detail, we used our MDS plot to define two groups among these preclinical cases. The first group comprised AsymAD cases that clustered closer to controls (n=19), while the second group harbored pre-symptomatic cases that more resembled the marker profiles of AD (n=12).
To identify those markers most capable of distinguishing these two AsymAD subgroups, we performed a differential expression analysis between the proteomes of the 19 control-like AsymAD and 12 AD-like AsymAD cases (Table S9 ). This volcano plot revealed 14 markers from our validated panels significantly altered between these two groups (Figure 7C, left panel) . Most of these markers were members of the synaptic and metabolic panels (Figure 7C, right panel) . However, SOD1 and the actin cross-linking protein MARCKS represented glial cell activity among this group of potential pre-clinical targets. The vascular panel also contributed two markers that were notably decreased in the AD-like AsymAD group, including the wound healing protein AEBP1 and complement family member C9. Interestingly, these 14 markers further highlighted the strong metabolic theme running throughout much of our validated panel, including elevated markers of neuronal metabolism (LDHA, HPRT1, MDH1, GOT1, PKM, ALDOA) and glialmediated clearance of reactive oxygen species (SOD1, DDAH1). Overall, these results indicated that our validated panels may not only provide biomarkers relevant to symptomatic AD, but also yield markers potentially useful for the stratification and staging of asymptomatic disease.
Discussion
The increasing recognition that a broad spectrum of pathologies contribute to AD and the repeated failures of amyloid-targeting drugs have highlighted the urgent need for biomarkers that more comprehensively reflect the complex mechanisms underlying this disease [4] [5] [6] 68] . While others have embarked on large-scale discovery-driven investigations of AD CSF, the context of emerging targets within the intricate landscape of brain-based pathophysiology has remained largely unexplored [61, 69] . To address this challenge, we applied an unbiased, integrative proteomics approach to the brain and CSF of AD subjects to identify fluid markers linked to a variety of processes in the diseased brain. Our results ultimately yielded five panels of brainlinked CSF markers that 1) reflected a wide variety of AD cortical pathophysiology, ranging from synaptic dysfunction to glial-mediated immunity, 2) demonstrated robust detectability across varied mass spectrometry platforms and reproducibility in independent analyses, and 3) harbored changes throughout both asymptomatic and symptomatic stages of disease. Overall, these findings represent a promising step toward the development of a systems-oriented biomarker tool capable of significantly advancing AD therapeutics. Our ability to map accessible fluid markers to brainbased cell types and functions could help meet many of the challenges facing AD drug development, from the identification of disease-modifying targets to the development of drugmonitoring markers reflective of meaningful target engagement. Furthermore, our validation studies revealed a potential role for our brain-linked CSF panels in the detailed risk stratification of individuals in the earliest presymptomatic stages of disease.
These findings strongly support the utility of data-driven network-based proteomics in the identification and clinical translation of AD biomarkers. Yet, in addition to its possible practical translations, this approach may also enhance our biological understanding of the critical protein systems governing disease pathogenesis. While our findings implicated a variety of protein modules in AD pathogenesis, a common theme of dysregulated energy metabolism emerged across all five of our validated marker panels. Metabolic proteins, such as HPRT1 and LDHA, were among those most strongly validated markers of our synaptic panel, demonstrating highly significant up-regulation in both CSF datasets. Furthermore, the validated vascular and glial panels also featured markers involved in the metabolism of oxidative species. These findings align with the critical role that metabolic processes play throughout the brain to meet the high energy demands of not only neurons, but also astrocytes and other glial cells [70] . In addition, our results support the growing evidence that altered redox potential and disrupted energy pathways may comprise the central link between several key processes implicated in AD pathogenesis, including mitochondrial dysregulation, glial-mediated inflammation, and vascular damage [49] . Furthermore, that such metabolic CSF biomarkers comprised the bulk of differentially abundant proteins between our control-like and AD-like AsymAD subjects suggests that these disruptions of redox potential and energy metabolism may be critical during the early preclinical stages of disease. Longitudinal studies will be necessary to further assess the performance of these biomarkers in disease progression.
The expression levels of our biomarker panels may also provide valuable biological insights. The divergent brain-CSF trends displayed by several of our marker panels are perhaps most interesting. One could refer to Aβ protein and its well-established divergence in AD brain and CSF. Its increased levels in brain as insoluble pools of peptide in plaques presumably results in decreased soluble peptide in the CSF. Yet, such an explanation fails to apply to the bulk of proteins found in our panels. Our neuron-associated synaptic and metabolic panels demonstrated the opposite expression pattern with decreased levels in the AD brain yet predominantly increased abundance in AD CSF. Given neurons are enriched with energy-generating mitochondria at synapses to fuel their numerous specialized signals [57] , the parallels in expression of these two panels might be anticipated. However, it is unclear precisely why these panels demonstrated such divergent expression trends in the brain and CSF. Neuronal loss could account for the decreased abundance found in the demented brain but fails to explain the loss of synapse-associated proteins in the AsymAD brain, nor the increase in these synaptic proteins in the spinal fluid during both early and later stages of disease. One possible explanation is dysregulated endo-and exocytosis, both of which have been increasingly implicated in AD pathogenesis [71] [72] [73] [74] [75] . Indeed, aberrant synaptic glial-mediated phagocytosis of synapses, perhaps in response to aberrant intracellular Aβ production, has been proposed as a major contributor to the synaptic loss found early in disease [74] . The further processing of this synaptic pruning through exocytic pathways could then account for the increased release of synapse-associated proteins into the extracellular space. Indeed, multiple studies have demonstrated altered exosome content in the AD brain. Furthermore, aberrant exocytic pathways have even been linked to the secretion and propagation of Aβ and other pathogenic modules [76, 77] . Notably, the inhibition of exosome secretion may reduce AD-like pathology in a transgenic mouse model of AD [78] . Yet, while it is still widely debated whether exosome involvement is directly responsible for disease propagation, it may explain the increased levels of synaptic and metabolic proteins in AD CSF.
Meanwhile, the proteins comprising the vascular panel demonstrated a similar divergent expression pattern, featuring a modest increase in the AD brain but a stark decrease in levels in AD CSF. To explain these findings, one might look toward blood brain barrier (BBB) dysfunction. The BBB breakdown in AD has now been demonstrated by numerous independent postmortem human studies [48, 79] . These investigations have confirmed a variety of aberrant activity surrounding this tightly sealed layer of endothelial cells, including brain capillary leakages and the perivascular accumulation of blood-derived proteins [48] . This could provide a simple explanation for the increase of vascular proteins we identified in our Brain1 proteome. Yet, how does one explain the depletion of these same proteins in the spinal fluid? One possibility is that the brain is actively sequestering these molecules to address heightened levels of inflammation and oxidative stress. Several of the most decreased CSF1 proteins within this panel, particularly those involved in lipoprotein regulation, have been implicated in neuroprotective processes that suppress harmful levels of inflammation and reactive oxygen species. This is certainly true of paroxonase 1 (PON1), a lipoprotein-binding enzyme responsible for reducing oxidative stress levels in the circulation [65, 66] . AMBP, another significantly down-regulated vascular panel marker, serves as a precursor for the lipid transporter, bikunin, which has also been implicated in inflammation suppression and neuroprotection [80, 81] .
The inability to directly probe biochemical disease mechanisms is often a limitation of discovery-driven proteomic analysis. Therefore, further studies are necessary to clarify the mechanisms underlying our panel levels. Future directions will also require investigation of these panels across other proteomic techniques, such as targeted methods like selective or parallel reaction monitoring. These studies should include analysis of not only our 70 validated markers, but also the nearly 300 brain-linked CSF biomarkers identified in our initial discovery-driven integrative approach. Such analyses could offer valuable additional insight into marker reproducibility and allow for panel optimization. The validation approach of the current study was designed to prioritize CSF targets that can be reliably measured by high-throughput proteomic techniques with minimal required sample preparation, hence increasing their potential for successful clinical translation. Indeed, using a FAIMS-based single shot proteomic approach in our validation step allowed us to forgo the time-consuming process of albumin depletion and dramatically reduced instrument time during the mass spectrometry analysis. Yet, this design ultimately sacrificed the depth of our validation proteome, preventing the validation of potentially relevant brain-linked fluid markers. Neurofilament light (NEFL) and neurogranin (NRGN) are two such examples of emerging AD biomarkers that mapped to overlapping modules during our integrative analysis but could not be detected using our high-throughput validation method. Therefore, employing other methods of validation (e.g. immunoassays) may prove informative.
Nevertheless, our integrative approach could still offer contextual insights regarding a range of promising biomarkers, regardless of their capacity for high-throughput validation. For instance, both NEFL and NRGN mapped to brain-derived networks highly consistent with their postulated roles in disease. NEFL's link to the myelination panel supports its likely involvement in axonal degeneration, while NRGN's ties to the synaptic panel, particularly the post-synaptic M12 module, are consistent with its known role in calmodulin-binding at the post-synaptic membrane and further implicates this protein in the synaptic degeneration critical to AD pathogenesis [20, 21, 82] . Overall, the current study offers a unique systems-based approach for the identification and validation of pathologically contextualized CSF AD biomarkers. The optimization of such marker panels across additional AD cohorts and proteomic platforms could prove promising for the advancement of AD risk stratification and therapeutics. In addition, future studies assessing the longitudinal behavior of these panels over time will be critical to determine which combination of markers best stratify risk in early disease and change in accordance to disease severity.
Materials and Methods
Sample Descriptions
Postmortem Brain Tissues
All brain tissues used in this study were derived from the dorsolateral prefrontal cortex and processed in the Emory Goizueta Alzheimer's Disease Research Center (ADRC). Postmortem neuropathological evaluation of amyloid plaque distribution was performed according to the Consortium to Establish a Registry for Alzheimer's Disease (CERAD) criteria [83] , while the extent of neurofibrillary tangle pathology was assessed in accordance with the Braak staging system [84] . All AD cases met NIA-Reagan criteria for the diagnosis of AD (high likelihood) [85] . PD cases also met established criteria and guidelines for diagnosis [86] . Cases were classified as co-morbid AD and PD (AD/PD) when they met pathological criteria for amyloid plaque, neurofibrillary tangle, and Lewy body burden. Pathological and clinical evaluations for the asymptomatic AD (AsymAD) brain tissues were previously described [87] . Two cohorts of brain tissue were used in the proteomic studies. The Brain1 cohort included tissues from 10 healthy control, 10 PD, 10 AD/PD, and 10 AD cases. The Brain2 cohort included 19 cases identical to the Brain1 cohort (10 control and 9 AD cases), as well as 8 AsymAD cases unique to this cohort. All case metadata including disease state, gender, race, apolipoprotein (ApoE) genotype, age of death, Mini Mental State Examination (MMSE) and post-mortem interval (PMI) are provided in Table  1 .
CSF Samples
All participants from whom CSF samples were collected provided informed consent under protocols approved by the Institutional Review Board (IRB) at Emory University. All patients received standardized cognitive assessments (including MoCA) in the Emory Cognitive Neurology clinic, the Emory Goizueta ADRC, and affiliated research studies (Emory Healthy Brain Study [EHBS] and Emory M 2 OVE-AD study). All diagnostic data were supplied by the ADRC and the Emory Cognitive Neurology Program. CSF was collected by lumbar puncture and banked according to 2014 ADC/NIA best practices guidelines (https://www.alz.washington.edu/BiospecimenTaskForce.html). For patients recruited from the Emory Cognitive Neurology Clinic, CSF samples were sent to Athena Diagnostics and assayed for Aβ1-42, Total Tau, and Phospho-Tau (CSF ADmark®) using the INNOTEST® assay platform. CSF samples collected from research participants in the ADRC, EHBS, and M 2 OVE-AD were assayed using the INNO-BIA AlzBio3 Luminex assay [88] . In total, there were two cohorts of CSF samples that were used in the proteomics studies. The CSF1 cohort contained samples from 20 healthy controls and 20 AD patients. CSF2 included spinal fluid obtained from three groups: healthy controls (n=32), AsymAD (n=31), and AD (n=33). AD and AsymAD cases were defined using established biomarker cutoff criteria for AD according to each assay platform [89, 90] . Cohort information is provided in Table 1 .
Multiplex Proteomics of CSF Samples
Immunodepletion and Digestion of CSF1 Samples
To increase the depth of our CSF1 dataset, immunodepletion of highly abundant proteins was employed prior to trypsin digestion. Briefly, 130 µL of CSF from each of the 40 individual CSF samples was incubated with equal volume (130µL) of High Select Top14 Abundant Protein Depletion Resin (Thermo Scientific, A36372) at room temperature in centrifuge columns (Thermo Scientific, A89868). After 15 minutes of rotation, the samples were centrifuged at 1,000g for 2 minutes. Sample flow-through was concentrated with a 3K Ultra Centrifugal Filter Device (Millipore, UFC500396) by centrifugation at 14,000g for 30 minutes. All sample volumes were diluted to 75 µL with phosphate buffered saline (PBS). Protein concentration and integrity was assessed by bicinchoninic acid (BCA) method according to manufacturer protocol (Thermo Scientific). Immunodepleted CSF (60 µL) from all 40 samples was digested with lysyl endopeptidase (LysC) and trypsin. Briefly, the samples were reduced and alkylated with 1.2 µL 0.5 M tris-2(-carboxyethyl)-phosphine (TCEP) and 3 µL 0.8M chloroacetamide (CAA) at 90°C for 10 minutes, followed by water bath sonication for 15 minutes. Samples were diluted with 193 µL 8M urea buffer (8 M urea, 100mM NaHPO4, pH 8.5) to a final concentration 6M urea. LysC (4.5µg, Wako) was used for overnight digestion at room temperature. Samples were then diluted to 1M urea with 50mM ammonium bicarbonate (ABC). An equal amount (4.5µg) of trypsin (Promega) was added and the samples subsequently incubated for 12 hours. The digested peptide solutions were acidified to a final concentration of 1% formic acid (FA) and 0.1% trifluoroacetic acid (TFA), followed by desalting with 100 mg C18 Sep-Pak columns (Waters) as described previously [16] . The peptides were subsequently eluted in 1 mL of 50% acetonitrile (ACN). In order to normalize protein quantification across batches [16] , 100 μL aliquots from all 40 CSF samples were pooled to generate a pooled sample, which was then divided into 5 global internal standard (GIS) samples. All individual samples and the pooled standards were dried by speed vacuum (Labconco).
TMT Labeling of CSF1 Samples
All 40 samples and 5 GIS samples were divided into 5 batches, labeled using an 11-plex tandem mass tag (TMT) kit (Thermo Scientific, A34808, lot no. for TMT 10-plex: SI258088, 131C channel SJ258847), and derivatized as previously described [16] . See Data Availability section for sample to batch arrangement. Nine of the 11 TMT channels were utilized for labeling : 127N,  128N, 128C, 129N, 129C, 130N, 130C, 131N, 131C . Briefly, 5 mg of each TMT reagent was dissolved in 256 μL anhydrous ACN. Each CSF peptide digest was resuspended in 50 μL 100 mM triethylammonium bicarbonate (TEAB) buffer and 20.5 µl TMT reagent solution subsequently added. After 1 hour, the reaction was quenched with 4 μL 5% hydroxylamine (Thermo Scientific, 90115) for 15 minutes. After labeling, the peptide solutions were combined according to the batch arrangement. Each TMT batch was desalted with 100 mg C18 Sep-Pak columns (Waters) and dried by speed vacuum (Labconco).
High pH Fractionation of TMT-Labeled CSF1 Samples
High pH fractionation was performed as previously described [91] with slight modifications. The TMT-labeled peptides (160 ug) of CSF1 samples were dissolved in 100 μL of loading buffer (1mM ammonium formate, 2% (vol/vol) ACN), injected completely with an autosampler, and fractionated using a ZORBAX 300Extend-C18 column (2.1 mm x 150 mm, 3.5 µm, Agilent Technologies) on an Agilent 1100 HPLC system monitored at 280 nm. A total of 96 fractions were collected over a 60-min gradient of 100% mobile phase A (4.5mM ammonium formate (pH 10) in 2% vol/vol ACN) from 0-2 min, 0%-12% mobile phase B (4.5 mM ammonium formate (pH 10) in 90% vol/vol ACN) from 2-8 min, 12%-40% B from 8-36 min, 40%-44% B from 36-40 mins, 44%-60% B from 40-45 mins, and 60% B until completion with a flow rate of 0.4 mL/min. The 96 fractions were collected with an even time distribution and pooled into 30 fractions.
LC-MS/MS of TMT-Labeled CSF1 Samples
An equal volume of each of the 30 high-pH peptide fractions was resuspended in loading buffer (0.1% FA, 0.03% TFA, 1% ACN). Peptide eluents were separated on a self-packed C18 (1.9 µm Dr. Maisch, Germany) fused silica column (25 cm × 75μM internal diameter (ID), New Objective, Woburn, MA) by an Easy-nanoLC system (Thermo Scientific) and monitored on an Orbitrap HF-X mass spectrometer (Thermo Scientific). Elution was performed over a 120-min gradient at a rate of 225 nL/min with buffer B ranging from 1% to 90% (buffer A: 0.1% FA in water, buffer B: 0.1 % FA in ACN). The mass spectrometer was set to acquire data in positive ion mode using data-dependent acquisition. Each cycle consisted of one full MS scan followed by a maximum of 10 MS/MS scans. Full MS scans were collected at a resolution of 120,000 (400-1600 m/z range, 3x10 6 AGC, 100 ms maximum ion injection time). All higher energy collision-induced dissociation (HCD) MS/MS spectra were acquired at a resolution of 45,000 (1.6 m/z isolation width, 35% collision energy, 1x10 5 AGC target, 86 ms maximum ion time). Dynamic exclusion was set to exclude previously sequenced peaks for 20 seconds within a 10-ppm isolation window. See Data Availability section for all raw mass spectrometry files and search results.
Database Search and Protein Quantification of CSF1 Dataset
All raw files were analyzed using the Proteome Discoverer Suite (version 2.1, Thermo Scientific). MS/MS spectra were searched against the UniProtKB human proteome database (downloaded April 2015 with 90,411 total sequences). The Sequest HT search engine was used with the following parameters: fully tryptic specificity; maximum of two missed cleavages; minimum peptide length of 6; fixed modifications for TMT tags on lysine residues and peptide Ntermini (+229.162932 Da) and carbamidomethylation of cysteine residues (+57.02146 Da); variable modifications for oxidation of methionine residues (+15.99492 Da) and deamidation of asparagine and glutamine (+0.984 Da); precursor mass tolerance of 20 ppm; and fragment mass tolerance of 0.05 Da. The Percolator node was used to filter peptide spectral matches (PSMs) to a false discovery rate (FDR) of less than 1%. Following spectral assignment, peptides were assembled into proteins and were further filtered based on the combined probabilities of their constituent peptides to a final FDR of 1%. In cases of redundancy, shared peptides were assigned to the protein sequence in adherence with the principles of parsimony. Reporter ions were quantified from MS2 scans using an integration tolerance of 20 ppm with the most confident centroid setting, as previously described [16] .
Preparation of CSF2 Samples
In contrast to the CSF1 samples, those of CSF2 were not immunodepleted in preparation for mass spectrometry analysis. Instead, the protein concentrations for each of the 96 CSF2 samples were determined by BCA and then directly digested with LysC and trypsin. Briefly, 20 µL CSF from each sample was reduced and alkylated with 0.4 µL 0.5M TCEP and 2 µL 0.4M CAA at 90 °C for 10 minutes, followed by 15 minutes of water bath sonication. The samples were then further denatured in 67.2 µL of 8M urea (8M urea, 100mM NaHPO4, pH 8.5) to yield a final concentration of 6M urea and subsequently digested overnight with 1.9 µg LysC (1:10 enzyme to protein ratio). Following LysC digestion, the samples were diluted to 1M urea using 50mM ABC. An equivalent amount of trypsin (Promega) was then added (1:10 enzyme to protein ratio) and digestion was carried out for another 12 hours. After trypsin digestion, the peptide solutions were acidified with a 1% TFA and 10% FA solution to a final concentration of 0.1% TFA and 1% FA. Peptides were desalted with 100 mg C18 HLB columns (Waters) and eluted in 1 mL of 50% ACN. In order to normalize protein quantification across batches, 120 µL aliquots of eluted peptides from each of the 96 CSF samples were pooled to generate a GIS. All individual samples and the pooled standard were dried by speed vacuum (Labconco). To boost the signal of low abundance CSF proteins, a "boosting" sample (i.e. a biological sample mimicking study samples but accessible in a much larger quantity [92, 93] ) was prepared by combining 125 µL from each of the 96 samples into a pooled CSF sample. This pooled sample was subsequently immunodepleted using 12 mL of High Select Top14 Abundant Protein Depletion Resin (Thermo Scientific, A36372), digested as described above, and included in the subsequent multiplex TMT assay.
TMT Labeling of CSF2 Samples
All 96 samples, as well as the GIS and boosting samples, were divided into 12 batches and labeled using an 11-plex TMT kit (Thermo Scientific, A34808, lot no. for TMT 10-plex: SI258088, 131C channel SJ258847). See Data Availability section for sample to batch arrangement. TMT labeling of these CSF2 samples was performed very similarly to the CSF1 samples with small alterations due to the inclusion of a boosting sample. Ten of the 11 TMT channels were utilized for labeling: 126 (boosting sample) , 127N, 128N, 128C, 129N, 129C, 130N, 130C, 131N, 131C . Briefly, TMT reagent (5 mg) was dissolved in 256 μL anhydrous ACN. Each CSF peptide digest was resuspended in 50 μL 100 mM TEAB buffer and 20.5 µl TMT reagent solution subsequently added. The immunodepleted boosting sample was dissolved in 1.25 mL 100mM TEAB and labeled with 2x5mg of reagent (TMT 126 channel). For each plex, the pooled boosting channel was equivalent to 50-fold volume of each CSF sample. After 1 hour, these reactions were quenched with 8ul of 5% hydroxylamine for 15 minutes. After labeling, the peptide solutions were combined according to the batch arrangement. Each TMT batch was then desalted with 100 mg C18 Sep-Pak columns (Waters) and dried by speed vacuum (Labconco).
Single-shot FAIMS LC-MS/MS of TMT-Labeled CSF2 Samples
All samples were resuspended in equal volume of loading buffer (0.1% FA, 0.03% TFA, 1% ACN). Peptide eluents were separated on a self-packed C18 (1.9 µm, Dr. Maisch, Germany) fused silica column (25 cm × 75μM internal diameter (ID): New Objective, Woburn, MA) by an Easy-nLC system (Thermo Scientific) and monitored on an Orbitrap Fusion Lumos mass spectrometer (Thermo Scientific) interfaced with high-Field Asymmetric Waveform Ion Mobility Spectrometry (FAIMS). Sample elution was performed over a 180-min gradient with mobile phase A (0.1% of FA in water) and B (80% ACN in 0.1% FA) at a flow rate of 225 nL/min. The gradient was 1% to 8% B over 3 min, then 8% to 40% B over 160 min, then 40% to 99% B over 10 min, and finally 99% B for 10 min. The mass spectrometer was set to acquire data in positive ion mode using data-dependent acquisition and three (-50, -65 and -85) different compensation voltages (CV) [51] . Each of the three experiments consisted of a single CV and 1s cycles. Each cycle consisted of 1 full scan followed by as many MS2 and MS3 scans as possible within a 1s timeframe. Full MS scans were collected at a resolution of 120,000 (450-1500 m/z range, 4x10 5 AGC, 50 ms maximum injection time). The collision induced dissociation (CID) MS/MS scans were collected in the ion trap with an isolation window of 0.7 m/z, collision energy of 35%, AGC setting of 1x10 4 , and a maximum injection time of 50 ms. The top 10 product ions were subjected to HCD synchronous precursor selection-based MS3 (SPS-MS3) as previously described [16] . For SPS-MS3 scans, the isolation window was set to 2 m/z, resolution to 50,000, AGC to 1x10 5 , and maximum injection time to 105 ms. A single preliminary run of TMT batch 1 using the above parameters was used to create a target inclusion list of peptides that specifically excluded those from the top 15 most abundant proteins. This inclusion list was used for all TMT batches. See Data Availability section of methods for all raw mass spectrometry files and search results.
Database Search and Protein Quantification of CSF2 Dataset
All raw files were analyzed using the Proteome Discoverer Suite (version 2.3, Thermo Scientific). MS/MS spectra were searched against the UniProtKB human proteome database (downloaded April 2015 with 90,411 total sequences). The Sequest HT search engine was used with the following parameters: fully tryptic specificity; maximum of two missed cleavages; minimum peptide length of 6; fixed modifications for TMT tags on lysine residues and peptide Ntermini (+229.162932 Da) and carbamidomethylation of cysteine residues (+57.02146 Da); variable modifications for oxidation of methionine residues (+15.99492 Da), serine, threonine and tyrosine phosphorylation (+79.966 Da) and deamidation of asparagine and glutamine (+0.984 Da); precursor mass tolerance of 20 ppm; and a fragment mass tolerance of 0.6 Da. The Percolator node was used to filter PSMs to an FDR of less than 1%. Following spectral assignment, peptides were assembled into proteins and were further filtered based on the combined probabilities of their constituent peptides to a final FDR of 1%. In cases of redundancy, shared peptides were assigned to the protein sequence in adherence with the principles of parsimony. Reporter ions were quantified from MS3 scans using an integration tolerance of 20 ppm with the most confident centroid setting [16] .
Multiplex Proteomics of Brain Samples
Preparation of Brain Tissue Samples
The details regarding sample preparation of the Brain1 samples have been previously reported [16] . The Brain2 tissues were prepared and analyzed using very similar procedures. For each sample, approximately 100 mg of wet brain tissue was homogenized in 8M urea lysis buffer (8M urea, 10mM tris(hydroxymethyl) aminomethane, 100 mM NaHPO4, pH 8.5) containing Halt Protease and Phosphatase Inhibitor Cocktail (Thermo Scientific, 78440). Lysis buffer solution (500 μL) and stainless steel beads (~100 μL, 0.9 to 2.0 mm blend, Next Advance) were added to individual RINO microcentrifuge tubes (Next Advance). Brain tissues were subsequently added immediately following excision. The samples were then placed into a Bullet Blender (Next Advance) in 4 °C cold room and homogenized for 2 full 5 min cycles. The lysates were transferred to new Eppendorf LoBind tubes and sonicated for 3 cycles, each consisting of 5 seconds of active sonication at 30% amplitude followed by 15 seconds on ice. The samples were subsequently centrifuged for 5 min at 15,000 g and the supernatant transferred to new tubes. BCA was used to determine the protein concentration for each sample prior to subsequent digestion. Approximately 100 μg of protein was digested for each Brain1 sample, while 500 μg of protein was digested for each Brain2 sample. Just prior to digestion, all samples were reduced with 1mM dithiothreitol (DTT) at room temperature for 30 minutes and alkylated with 5 mM iodoacetamide (IAA) in the dark for another 30 minutes. Lysyl endopeptidase (Wako) at 1:100 (w/w) was then added to each sample and digestion performed overnight. Samples were then diluted seven-fold with 50mM ABC. Trypsin (Promega) was then added at 1:50 (w/w) and digestion continued for another 16 hours. Each peptide solution was acidified to a final concentration of 1% (vol/vol) FA and 0.1% (vol/vol) TFA. The Brain1 samples were desalted with 100 mg C18 Sep-Pak columns (Waters) and eluted in 1 mL of 50% (vol/vol) ACN as described previously [16] . A 200 μL aliquot was removed from each Brain1 sample and combined to generate a pooled sample, which was subsequently divided into 10 GIS samples. Because a greater amount of protein was digested in the Brain2 analysis, each sample was desalted with a 200g Sep-Pak column and eluted in 3 mL of 50% (vol/vol) ACN. A 600 μL aliquot was removed from each Brain2 sample and combined to generate a pooled sample, which was then divided into 6 GIS samples. All digested peptide solutions from both Brain1 and Brain2 were dried by speed vacuum.
TMT Labeling of Brain Samples
All details of the Brain1 TMT labeling were previously reported [16] . In similar fashion, the 27 individual and 6 GIS samples of Brain2 were randomized into three batches and labeled using 11-plex TMT reagents. See Data Availability section for sample to batch arrangement. All 11 TMT channels were utilized for labeling. TMT reagent (5 mg) was dissolved in 56 μL anhydrous ACN. Due to the larger amount of Brain2 protein digested, two channels of 5 mg TMT reagent were combined to label each peptide solution. Each peptide solution was then reconstituted in 400 μL 100mM 'TEAB buffer and 164 μL (3.2 mg) of labeling reagent subsequently added. After 1 hour, the reaction was quenched with 32 μL of 5% hydroxylamine. After labeling, the peptide solutions were combined according to the batch arrangement. Each TMT batch was then desalted with 500 mg C18 Sep-Pak columns (Waters) and eluted peptides were dried by speed vacuum (Labconco).
High pH Fractionation of TMT-Labeled Brain2 Samples
All TMT-labeled samples of Brain1 were subjected to electrostatic repulsion-hydrophilic interaction chromatography (ERLIC) fractionation prior to proteomic analysis as previously reported [16] . In contrast, the Brain2 samples were separated via high pH fractionation. For each Brain2 sample, approximately 4 mg of TMT-labeled peptides were resuspended in 850 μL loading buffer (1mM ammonium formate, 2% (vol/vol) ACN), injected completely with an auto-sampler, and fractionated using a ZORBAX 300Extend-C18 column (4.6 mm x 250 mm, 5 µm, Agilent Technologies) on an Agilent 1100 HPLC system monitored at 280 nm. A total of 96 fractions were collected over a 96-min gradient of 100% mobile phase A (4.5mM ammonium formate (pH 10) in 2% vol/vol acetonitrile) from 0-7 min, 0%-16% mobile phase B (4.5mM ammonium formate (pH 10) in 90% vol/vol acetonitrile) from 7-13 min, 16%-40% B from 13-73 min, 40%-44% from 73-77 min, 44%-60% B from 77-82 mins, and 60% B until completion with a flow rate of 0.8 mL/min. The 96 fractions were collected with an even time distribution and pooled into 24 fractions.
LC-MS/MS of TMT-Labeled Brain2 Samples
Details of the mass spectrometry analysis of Brain1 samples were previously reported [16] . For the Brain2 cases, an equal volume of each of the 24 high-pH peptide fractions was resuspended in loading buffer (0.1% FA, 0.03% TFA, 1% ACN), and peptide eluents were separated on a selfpacked C18 (1.9 um Dr. Maisch, Germany) fused silica column (25 cm × 75 μM internal diameter (ID), New Objective, Woburn, MA) by an Easy-nanoLC system (Thermo Scientific) and monitored on an Orbitrap Fusion mass spectrometer (Thermo Scientific). Elution was performed over a 140-min gradient at a rate of 225 nL/min with buffer B ranging from 1% to 90% (buffer A: 0.1% FA in water, buffer B: 80% ACN in water and 0.1% FA). The mass spectrometer was set to acquire data in top speed mode with 3-second cycles. Full MS scans were collected at a resolution of 120,000 (375-1500 m/z range, 4x10 5 AGC, 50 ms maximum ion time). All HCD MS/MS spectra were acquired at a resolution of 50,000 (0.7 m/z isolation width, 38% collision energy, 1x10 5 AGC target, 105 ms maximum ion time). Dynamic exclusion was set to exclude previously sequenced peaks for 20 sec within a 10-ppm isolation window. Only charge states from 2+ to 7+ were chosen for tandem MS/MS. See Data Availability section for all raw mass spectrometry files and search results.
Database Search and Protein Quantification of the Brain2 Dataset
The Brain1 dataset was searched and quantified as previously reported [16] . Raw data files from Orbitrap Fusion were processed using Proteome Discover Suite (version 2.1). MS/MS spectra were searched against the UniProtKB human proteome database (downloaded April 2015 with 90,411 total sequences). The Sequest HT search engine was used with the following parameters: fully tryptic specificity; maximum of two missed cleavages; minimum peptide length of 6; fixed modifications for TMT tags on lysine residues and peptide N-termini (+229.162932 Da) and carbamidomethylation of cysteine residues (+57.02146 Da); variable modifications for oxidation of methionine residues (+15.99492 Da) and deamidation of asparagine and glutamine (+0.984 Da); precursor mass tolerance of 20 ppm; and a fragment mass tolerance of 0.05 Da. The Percolator node was used to filter PSMs to an FDR of less than 1% using a target-decoy strategy. Following spectral assignment, peptides were assembled into proteins and were further filtered based on the combined probabilities of their constituent peptides to a final FDR of 1%. In cases of redundancy, shared peptides were assigned to the protein sequence in adherence with the principles of parsimony. Reporter ions were quantified from MS2 scans using an integration tolerance of 20 ppm with the most confident centroid setting [16] .
Data Analyses
Adjustment for Batch and Other Sources of Variance
For all four cohorts, only those proteins quantified in ≥50% of samples were included in the data analysis. Prior to subsequent analysis, all cohorts were also subjected to iterative outlier removal, which was performed as previously published [94] using Oldham's 'SampleNetworks' v1.06 algorithm [17] . Sample connectivity (z score) greater than 3 standard deviations (SD) from the mean was used as the outlier criterion. This algorithm was applied repeatedly until no more outliers at this threshold could be found. In CSF1, one severe outlier was detected and therefore removed from all subsequent analyses. In contrast, no outliers were found among the CSF2 cohort. This algorithm also failed to detect outliers among the Brain1 and Brain2 datasets, even with the fold SD cutoff set more stringently to 2.5. For the CSF cohorts, batch correction was performed using a median polish algorithm for removing technical variance (i.e. variance due to tissue collection, cohort, or batch effects), derived from a two-way abundance-sample data table originally described by Tukey [95] . More detail on this method of batch correction can be found on GitHub (https://www.github.com/edammer/TAMPOR/). The brain datasets were not subjected to batch correction, though their protein abundance values were normalized by the GIS within each batch. Bootstrap regression for age at death, sex, and post-mortem interval (in the case of brain tissues) was performed on the protein log2 abundance ratios of all four cohorts. A principal component analysis (PCA) of the expression data confirmed appropriate regression of selected traits, using both the 'SampleNetworks' graphical output and R statistics for top five PC rankbased correlation to traits.
Differential Expression Analysis
Pairwise differentially expressed proteins were identified using student t-test followed by Benjamini-Hochberg (BH) FDR correction. Differential expression across three or more groups was performed using a one-way ANOVA followed by Tukey's post-hoc test. Differential expression was presented in volcano plots, which were generated with the ggplot2 package in R v3.5.2.
Weighted Protein Correlation Network Analysis (WPCNA)
As previously described [10] , a weighted Brain1 cohort protein co-expression network was derived from the post-regressed protein abundance values using the blockwiseModules WGCNA function (WGCNA 1.66 R package) with the following settings: soft threshold power beta=7.5, deepSplit=4, minimum module size=25, merge cut height=0.12, signed network with partitioning about medoids (PAM) respecting the dendrogram, TOMDenominator="mean", and a reassignment threshold of p<0.05. Hierarchical protein clustering analysis by protein expression pattern was performed within the WGCNA algorithm to generate the module dendrogram. Briefly, pairwise biweight midcorrelations were calculated between each protein pair during calculation of the signed adjacency matrix [96] . The connection strengths of multiple components within this matrix were then used to calculate a topological overlap matrix, representing measurements of protein expression pattern within the network [97] . Clustering was subsequently performed using the height similarity across all samples constructed via the pairwise correlations for all proteins within 1-TOM. Initial module identifications were established using dynamic tree cutting as implemented in the WGCNA::blockwiseModules function [98] . Module eigenproteins were defined as previously described [10] , each representing the largest principle component of covariance of all proteins within the module [99] . Pearson correlations between module eigenproteins and each quantified protein in Brain1 were performed and used to assign a measure of intra-module membership to each protein defined as kME. Module eigenproteins were also correlated with AD diagnosis and levels of amyloid and tau burden using biweight midcorrelation analysis.
Gene Ontology and Cell Type Enrichment Analyses
To characterize groups of proteins based on gene ontology annotation, we used GO Elite v1.2.5 as previously published [10, 94] with pruned output Fisher exact overrepresentation z scores visualized using R. The background proteome consisted of all proteins in each specific data set (n=2,875 for CSF1; n=792 for CSF2; n=8817 for Brain1; n=11244 for Brain2). Cell type enrichment for each of the modules in Brain1 was investigated as previously published [10, 94] . Briefly, the corresponding gene symbols of each module were cross-referenced with lists of genes known to be preferentially expressed in different cell types [100, 101] . Significance of cell type enrichment within each module was then determined using a one-tailed Fisher exact test (FET) and corrected for multiple comparisons by the BH FDR method.
Module Preservation Analysis
In order to assess Brain1 module preservation in Brain2, a co-expression network was also built for this cohort using similar WGCNA parameters with only slight modifications: soft threshold beta=15, deepSplit=3, and merge cut height=0.25. Preservation of the Brain1 modules in this Brain2 network was then tested using the R WGCNA::modulePreservation function with 500 permutations as previously described [10, 11] .
Integrative Analysis of Brain and CSF Proteomic Datasets
Quantified CSF1 proteins were assessed for overrepresentation in Brain1 modules using a hypergeometric FET and those modules with BH-corrected p values of < 0.05 were considered significant. In similar fashion, separate FET analyses were performed to identify modules with significant overlap among differentially expressed CSF1 proteins, including those significantly up-regulated or down-regulated in AD compared to controls (p(CT-AD<0.05). The 15 modules with meaningful levels of CSF overlap from these three FET analyses were included in the five biomarker panels that were subsequently validated in the CSF2 cohort. CSF proteins were considered validated if they demonstrated altered levels in the same direction in both CSF1 and CSF2. In CSF2, composite z scores for the five panels of validated brain-linked CSF markers (n=70) were calculated and Kruskal-Wallis nonparametric ANOVA was performed across control, AsymAD, and AD groups.
Multidimensional Scaling Analysis
The multidimensional scaling (MDS) analysis of CSF2 data was performed using the limma package of R statistical software. A linear equation was selected to elicit a line across that the MDS plot separating control cases from those with AD. This line also divided the AsymAD cases into control-like and AD-like subgroups. All proteins measured in theses CSF2 AsymAD samples were then subjected to a t-test comparing their abundance levels in these subclasses of AsymAD. Figure S1 . Brain Proteome Highlights Disease-Specific Protein Alterations in AD Figure S2 . Analysis of AsymAD Brain Proteome Demonstrates Module Preservation and Presymptomatic Protein Alterations Table S1 . CSF1 Differential Expression by T-Test Analysis Table S2 . Top Gene Ontology (GO) Terms for Significantly Altered Proteins of CSF1 Bereczki Both the CSF1 and Brain1 cohorts were analyzed using isobaric tandem mass tag (TMT) liquid chromatography with tandem mass spectrometry (LC-MS/MS). Differentially expressed proteins (p(CT-AD<0.05)) were identified in the CSF1 dataset using statistical t-test analysis, while a systems-based analysis was applied to the Brain1 dataset using weighted protein correlation network analysis (WPCNA). Prior to the integrative analysis of these two datasets, the brain-derived results were examined in a second cohort of postmortem brain samples (Brain2, n=27) that included asymptomatic AD (AsymAD) and module preservation between the two brain datasets was confirmed. The overlap between Brain1 coexpression networks and differentially expressed CSF1 markers was then determined in an integrative analysis and used to identify brain-linked CSF AD targets of interest. These markers were then validated in a separate CSF cohort (CSF2). B) Validation analysis of brain-linked CSF targets. The targets of interest identified in the discovery-driven integrative analysis were examined in the CSF2 cohort, which included 32 control, 31 AsymAD, and 33 AD samples. These cases were analyzed using "single-shot" TMT integrated with high-Field Asymmetric Waveform Ion Mobility Mass Spectrometry (FAIMS), which eliminated the need for sample depletion prior to analysis. Markers of interest were then analyzed in this CSF2 proteome to identify those proteins with reproducible abundance changes, as well as those targets with meaningfully altered levels in preclinical disease. cases. However, the AsymAD (blue) cases were scattered more variably throughout the plot. As shown, the MDS was used to subdivide the AsymAD group into two cohorts for subsequent analyses. One subgroup comprised those AsymAD cases that clustered more tightly with controls (n=19), while the other included those with marker profiles more closely resembling AD (n=12). C) Differential expression analysis between the proteomes of the 19 control-like and 12 AD-like AsymAD cases. On the left is a volcano plot displaying the log2 fold-change (x-axis) against the -log10 statistical p value for all CSF2 proteins differentially expressed between these two AsymAD groups. Enlarged colored data points represent the 70 validated panel markers. Each of the colors reflect a different panel; see figure legend. Overall, 14 of these validated markers (labeled) demonstrated significant differences between the two AsymAD subgroups. On the right, the abundance levels of 9 of these 14 markers are individually plotted across the 96 cases of the CSF2 cohort divided into control, control-like AsymAD, AD-like AsymAD, and AD groups. ANOVA with Tukey post-hoc correction was used to assess the statistical significance between the protein abundance changes observed between the two AsymAD subgroups. Abbreviations: CT, Control; AsymAD, Asymptomatic AD; AD, Alzheimer's Disease; MoCA, Montreal Cognitive Assessment. 
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